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ABSTRACT

SOMATIC COPY NUMBER VARIANT LOAD IN NEURONS OF HEALTHY
CONTROLS AND ALZHEIMERS DISEASE PATIENTS

Turan, Zeliha Gozde
Ph.D., Department of Biology
Supervisor: Prof. Dr. Mehmet Somel

Co-Supervisor: Assist. Prof. Dr. 1dil Yet

January 2023, pages

The possible role of somatic copy number variations (CNVs) in Alzheimer’s dis-
ease (AD) aetiology has been controversial. Although cytogenetic studies suggested
increased CNV loads in AD brains, a recent single-cell whole-genome sequencing
(scWGS) experiment, studying frontal cortex brain samples, found no such evidence.
Here we readdressed this issue using low-coverage scWGS on pyramidal neurons
dissected via both laser capture microdissection (LCM) and fluorescence activated
cell sorting (FACS) across five brain regions: entorhinal cortex, temporal cortex, hip-
pocampal CAl, hippocampal CA3, and the cerebellum. Among reliably detected
somatic CNVs identified in 1301 cells obtained from the brains of 13 AD patients
and 7 healthy controls, deletions were more frequent compared to duplications. In-
terestingly, we observed slightly higher frequencies of CNV events in cells from AD
compared to similar numbers of cells from controls (4.1% vs. 1.4%, or 0.9% vs.
0.7%, using different filtering approaches), although the differences were not statisti-
cally significant. On the technical aspects, we observed that LCM-isolated cells show

higher within-cell read depth variation compared to cells isolated with FACS. To re-



duce within-cell read depth variation, we proposed a principal component analysis-
based denoising approach that significantly improves signal-to-noise ratios. Lastly,
we showed that LCM-isolated neurons in AD harbour slightly more read depth vari-
ability than neurons of controls, which might be related to the reported hyperploid

profiles of some AD-affected neurons.

Keywords: Single-cell whole-genome sequencing, Copy number variation, Alzheimer’s
disease, Brain, Laser capture microdissection, Fluorescence-activated cell sorting,

Denoising
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0z

SAGLIKLI KONTROLLERIN VE ALZHEIMER HASTALARININ
NORONLARINDA KOPYA SAYISI VARYASYONU YUKUNUN
BELIRLENMESI

Turan, Zeliha Gozde
Doktora, Biyoloji Boliimii
Tez Yoneticisi: Prof. Dr. Mehmet Somel

Ortak Tez Yoneticisi: Dr. Ogr. Uyesi. Idil Yet

Ocak 2023, sayfa

Alzheimer hastalig1 (AH) etiyolojisinde somatik kopya sayis1 varyasyonlarinin (KSV)
olasi rolii tartigmalidir. Sitogenetik ¢alismalar AH beyinlerinde artan CNV yiikiinii
rapor etsede, son zamanlarda yapilan ve tekil hiicre tiim genom dizilemesi yontemi
kullanarak frontal korteks beyin orneklerini inceleyen calisma bdyle bir bulgu rapor
etmemistir. Bu calismada, bes farkli beyin bolgesinde (entorhinal korteks, temporal
korteks, hipokampal CA1, hipokampal CA3 ve beyincik) hem lazerle kesme ve ya-
kalama (LCM) hem de floresan ile aktive edilen hiicre simiflandirilmasi (FACS) yon-
temiyle diseke edilen piramidal noronlar iizerinde diisiik kapsamli tekil hiicre tiim
genom dizilemesi yontemi kullanarak bu soruyu yeniden ele aldik. 13 AH hastasi-
nin ve 7 saglikli kontroliin beyinlerinden elde edilen 1301 hiicrede giivenilir sekilde
saptanan somatik KSV’ler arasinda, silinmeler, kazanimlara kiyasla daha siktir. Il-
ging bir sekilde, kontrollerden alinan benzer sayida hiicreye kiyasla (farkl: filtreleme
yaklagimlari kullanilarak %4,1’e kars1 %1.4 veya %0,9’a kars1 %0,7), farkliliklar is-
tatistiksel olarak olmasa da, AH’deki hiicrelerde CNV olaylarinin biraz daha yiik-
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sek siklikta gozlemledik. Teknik ag¢idan, LCM ile izole edilmis hiicrelerin, FACS ile
izole edilmis hiicrelere kiyasla hiicre i¢i okuma derinligi varyasyonunun daha yiik-
sek oldugunu gozlemledik. Hiicre i¢i okuma derinligi varyasyonunu azaltmak ig¢in,
sinyal-giiriiltii oranlarin1 6nemli 6l¢iide iyilestiren temel bilesen analizine dayal gii-
riiltii giderme yaklagimi 6nerdik. Son olarak, AH’deki LCM ile izole edilmis noronla-
rin, kontrol néronlarindan biraz daha fazla okuma derinligi degiskenligi barindirdigim
gosterdik; bu, AH’den etkilenen bazi néronlarin rapor edilen hiperploid profilleriyle

ilgili olabilir.

Anahtar Kelimeler: Tekil hiicre tiim genom dizilemesi, Kopya sayisi varyasyonu, Alz-
heimer hastalig1, Beyin, Lazer yakalayic1t mikro diseksiyon, Floresan ile aktive edilen

hiicre siniflandirilmasi, Giiriiltii azaltma
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CHAPTER 1

INTRODUCTION

The outline of the thesis is as follows.

Chapter 1, introduction, gives general information about Alzheimer's disease (AD),
including pathological and clinical hallmarks and types of AD (early-onset, late-

onset). Also | answered the following questions:
What are AD stages and how are AD stages determined?

How does AD affect different brain regions?

What are the neurochemical markers and neuroimaging techniques to diagnose
AD?

What are the contributors to AD and how do they contribute to the AD pheno-
type?

What is aneuploidy and where does it stem from in post-mitotic neurons?

What are the experimental methods to count aneuploidy in mitotic and post-

mitotic cells?

What is the role of aneuploidy in healthy and AD brains?

What was the aim of this study?
Chapter 2, method, gives detailed information about web-lab experiments that were
conducted at the Paul-Flechsig-Institute (Leipzig University, Germany), and dry-lab

analyses. The steps/parameters of the bioinformatic analyses were described in detail,

including:



Quality control and alignment of single-cell whole genome sequencing reads to
the reference genome

Post-processing of alignment les
Coverage calculation

Steps of the CNV prediction and cell elimination: binning, coverage normal-
ization, GC bias correction, segmentation, post hoc adjustment.

Analyses of published datasets
Statistical models to test the difference between AD and control

PCA-based denoising approach and its pseudocode

Chapter 3, results, contains the results of the bioinformatic analyses, including:
Summary of the produced data and clinical and demographic properties of sam-
ples

Comparison between FACS-isolated and LCM-isolated cells

Testing the difference between AD control using different cell Iters and CNV
thresholds

The results of the PCA-based denoising approach
Chapter 4, discussion, discuss the ndings of the study. These are:

What would be the biological and technical origins of the high noise in the
data?

The possible approaches that could be taken to disentangle biological variation

from technical one
Pros and cons of PCA-based denoising approach
Limitations and possible improvements of the study

The reason for using th@inkgo algorithm

Chapter 5 is conclusion that summarizes the entire work.

2



1.1 Alzheimer's disease

Alzheimer's disease (AD) is a neurodegenerative disease of multifactorial aetiology,
with numerous genetic and environmental factors each explaining a small proportion

of variance in disease onset and progression [5].

AD affects more than 20 million people worldwide and it is the most common cause
of irreversible dementia [6]. Indeed, the increasing human lifespan is expected to be

re ected in the high incidence of AD within the next 50 years [7].

1.2 Types of Alzheimer's disease

AD is pathologically characterized by the accumulation of extracellular amyloid
(A ) plaques and intracellular neuro brillary tangles (Figure 1.1). These pathologi-
cal alterations are clinically re ected as memory loss and executive function de cit,

followed by death after an average of nine years of diagnosis [8].

Even though they are clinically indistinguishable, there are two types of AD. Familial
or early-onset Alzheimer's disease (FAD) accounts for ~5% of AD cases and affects
individuals below the age of 60. FAD is mainly associated with causative mutations
in three genesAPP (on chromosome 21) encoding for amyloid precursor protein,
PSEN1(on chromosome 14) encoding for Presenilin 1, B SEN2(on chromosome

1) encoding for Presenilin 2 [9, 10]. AD-causing mutations on these genes are highly

penetrant and inherited in an autosomal dominant manner [10].

Sporadic or late-onset Alzheimer's disease (LOAD) manifests itself after the age of 60
and accounts for over 95% of AD cases [11]. The estimated heritability of the disease
changes between 40 and 80% [12, 13, 14]. Studies suggested that genetic variants
showing low penetrance with high prevalence are the main contributors to LOAD.
For example, genome-wide association studies (GWAS) have identi ed dozens of ge-

netic loci that could be associated with AD [15].



Figure 1.1: Pathological hallmarks of AD. The upper panel shows a healthy brain.
The lower panel illustrates the AD-affected brain. The gure was modi ed and taken

from https://biorender.com/

GWAS can be a powerful method to identify single nucleotide polymorphisms (SNPs)
associated with human diseases and traits. SNPs hitting protein-coding regions show
their impact on phenotype by changing protein function and can be characterized
by high penetrance and predictable inheritance patterns as in FAD. Most GWAS-
identi ed SNPs (~88%), nevertheless, lie in non-coding parts of the DNA, and the
transition from association to causation is hampered by both the linkage disequilib-
rium structure of the genome (correlation among SNPs) and their small effect size on

phenotype [16]. GWAS-identi ed loci will be discussed in the section 1.5.

1.3 Stages of Alzheimer's Disease

The severity of AD can be determined using the location of the neuro brillary tangles
in the brain, which is called Braak staging (I-VI) [17].

AD does not affect each brain region equally. At Braak stages | and Il, neuro b-
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rillary tangles could be found in the entorhinal cortex and hippocampus. At Braak
stages Il and IV, neuro brillary tangles are distributed throughout the limbic system
and temporal cortex. At the latest stages of the disease, Braak stages V-VI, tangles

spread through the primary sensory cortices [18, 19].

Accumulation of tangles also manifests itself as impairment in cognitive and exec-

utive functions. For example, the hippocampus, entorhinal cortex and cingulate gyrus
are the heavily affected brain regions (Figure 1.2) [20]. The hippocampus and en-
torhinal cortex are part of the temporal lobe and have a role in memory formation.

The cingulate gyrus is a part of the limbic lobe and involves emotional regulation. By

Braak stages llI-1V, these three brain regions are already affected. Thus, individuals
with AD experience mood changes, memory impairment and face recognition de cits

[18].

Beyond neuro brillary tangles, A deposition is also used to determine the sever-
ity of AD (stage A-C). A deposition starts in the frontal and temporal lobes and

spreads through the other part of the cerebral cortex [18, 21].

Figure 1.2: Structure of the human brair{A) lateral view of left hemispherd&B)
medial view of right hemisphere, ari@) sagittal view of one hemisphere. The gure
was taken from [1].

1.4 Diagnosis of Alzheimer's Disease

Neuropathological lesions of AD (i.e. accumulation of Axtracellular plaques and

intracellular neuro brillary tangles) usually manifest themselves earlier than clinical
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symptoms [22, 23]. To take advantage of potential therapies, diagnosing AD in the
earlier stages of the disease is crucial [24, 25]. For this aim, several neurochemical

markers and neuroimaging technigues have been employed [26].

Neurochemical markers can be used to identify pathological lesions. For example,
reduced A 42 levels in the cerebrospinal uid (CSF) is the biomarker of the A
plaques [24]. Similarly, an increased concentration of hyperphosphorylated tau pro-

tein in the CSF is the marker of neuro brillary tangles [27].

Magnetic resonance imaging (MRI) is also widely used to detect hallmarks of neu-
rodegeneration. For example, atrophy of the hippocampus and entorhinal cortex is an
important structural marker of AD [28, 29, 30, 31]. Other structural changes that neu-
roimaging techniques could detect are reduction in the cortical grey matter and in the
cortical thickness of the temporal regions [32, 33, 34]. Beyond structural changes,
one functional magnetic resonance imaging (fMRI) study showed that AD patients
had reduced functional connectivity in the posterior cingulate cortex (have a role in

retrieving autobiographical memories) and other parts of the brain [35].

In contrast to fMRI, positron emission tomography (PET) is an invasive technique
that measures the metabolic activity of the cerebral cortex using uorodeoxyglucose
(FDG). FDG behave similarly to glucose and accumulate in the brain according to
the glucose metabolic rate. PET studies showed that AD patients had decreased
metabolic rates of glucose in the temporal and parietal association cortices [36]. On
the other hand, the brain regions least affected by AD (i.e. primary motor cortex,

visual cortex, cerebellum) show no sign of impairment in glucose metabolic rate [37].

In summary, multiple biomarkers and anatomical changes can be used to study AD
development. It is possible that combination of markers (i.e42and hyperphos-
phorylated tau in the CSF, cerebral glucose metabolism, hippocampal volumetry) will
increase the probability of detecting people with mild cognitive impairment who are
likely to develop AD [27].



1.5 Contributors of Alzheimer's Disease

One of the leading contributors to AD is the aggregation of geptides as a form

of amyloid plaques in the extracellular spaces in the brain [38]. AIRE gene on
chromosome 21 encodes for amyloid precursor protein (APP). Thedyptide is

the cleavage product of APP by secretasesqcretase, -secretase angtsecretase)

[39]. In the non-amyloidogenic pathway, cleavage of APP is mediateddmcretase
andg-secretase. The product of the non-amyloidogenic pathway is a soluble peptide.
In the amyloidogenic pathway, on the other hand48 and A 42 are the derivatives

of the APP by -andg-secretases [40, 41, 42]. These are hydrophobic species and
contribute to formation of senile plaques. Moreover,4& isoform has a tendency to
aggregate more than A0 [43, 21, 44, 38]. For example, missense mutatioAsHR,
PSENlandPSENZ2are the leading causes for the familial AD [45, 46, 47, 48]. The
way that these three genes contribute to AD pathology is by increasing the ratio of
A 42/A 40 and thus promoting the aggregation of insolublepdaques [49, 50, 51].

The role of A in AD could be explained by the amyloid cascade hypothesis (Figure
1.3) which was proposed by Hardy and Higgins [52, 53]. According to the amyloid
cascade hypothesis, overproduction and accumulation @f2Astart the sequence

of pathogenic events that result in AD. A2 oligomers can stimulate the activa-

tion of microglia and astrocytes. Failure to remove4® oligomers might lead to
synaptic damage, following chronic immune responses4?Aalso propagates the
hyperphosphorylation of tau in the downstream of the cascade. Hyperphosphory-
lated tau forms neuro brillary tangles, which are another pathological lesion in AD.
The last step of the cascade is neuronal dysfunction that eventually causes dementia
[54, 53, 38, 55, 2].

Another hallmark of AD is neuroin ammation, characterized by the increased num-
ber of astrocytes or microglial cells (also called gliosis) [56, 57, 58, 59, 60]. Microglia
are a member of the innate immune system and have several roles, including the en-
gulfment of damaged neurons [61, 62, 63, 64]. In AD pathology, microglia help to
mitigate the burden of senile plagues by degrading (Peviewed in [65, 66, 67].

However, the burden of senile plague causes chronic activation of innate immune
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Figure 1.3: Steps of the amyloid cascade hypothesis. The gure was taken from [2].

response and exacerbates neuroin ammation, followed by impairment in microglial
phagocytosis [68, 69, 70, 71]. The crucial role of microglia in AD progression has
been identi ed by GWAS.

GWAS identi ed ~30 risk loci for AD and most of them were related to the im-
mune response [72, 73]. One of them is TREM2(triggering receptor expressed

on myeloid cells 2) gene, which is mainly expressed by microglia in the brain and
encodes proteins for TREM2 receptors. TREM2 receptors are located on the surface
of the microglia. A peptides are one of the ligands of TREM2 receptors and trigger
the chain of events that can result in the degradation or compaction pegtides. It

was identi ed that loss-of-function variants of the TREM2 gene are associated with
the increased risk of developing AD by approximately 2-4 folds [74, 75].



Apart from TREM2 the apolipoprotein EAPOE) gene is another GWAS-identi ed
genetic risk factor for developing LOAD [76, 77, 78, 79, 80, 8APOEis mainly
expressed by astrocytes and microglial cells in the brain, and it is a polymorphic gene
that has three allele$%, "3, and" 4) [82, 83]. APOE protein contributes to AD pathol-
ogy by slowing down A clearance and accelerating Aleposition [84, 85, 86, 87].

The burden of A changes in a dose-dependent manner. For example, individuals
carrying the'4 allele of APOE in the homozygous state have been identi ed to show
15-fold increased susceptibility to AD and have the highest plaque density in their
brain compared to other genotypes [88, 89, 90]. On the other hanti2 thikele of
APOE plays a protective role against AD [88].

The formation of neuro brillary tangles (consists of hyperphosphorylated tau) is an-
other neuropathological hallmark of AD and is triggered by &s in neuroin amma-

tion. Microtubules play an important role in cellular functions such as division and
axonal stability [91]. The assembly and stabilization of microtubules are mediated
by microtubule-associated proteins. In the brain, tau is the microtubule-associated
protein (encoded bMAPT gene on chromosome 17) which is responsible for main-
taining axonal stability [92, 93, 94, 95]. Phosphorylation of tau is crucial to bind
microtubules. On the other hand, when itis in the hyperphosphorylated stage, tau de-
taches from microtubules [96], and the hyperphosphorylated tau aggregate into neu-
ro brillary tangles. Also, tau could disassociate from the microtubule-tau complex
that causes instability of microtubules and end up with impairment in axonal trans-
port [97, 98]. The formation of neuro brillary tangles is not speci ¢ to AD and could

also be observed in several neurodegenerative diseases like Parkinson's [99].

On the other hand, one of the less-studied potential contributors of AD is aneuploidies
and copy number variations (CNVs) in the brain, which can be de ned as the gain or
loss of whole chromosomes or chromosomal segments. The role of aneuploidies and

CNVs in AD will be discussed in the following sections.



1.6 Origin of CNVs and aneuploidies in the brain

Aneuploidy refers to the gain or loss of the whole chromosome and CNVs can be
de ned as the gain or loss DNA segment { kilobase pair) [100, 101]. Early studies

using cytogenetic techniques reported the relatively high frequency of aneuploid cells
in the human brain (4-40%) [102, 103, 104]. This raises the question about the origin

of aneuploidy in postmitotic neurons.

In 2001, Rehen and colleagues estimated that ~33% of neural progenitor cells (NPCs)
are aneuploid in embryonic mice [105]. NPCs have mitotic capacity; and during the
proliferation of NPCs, several mitotic errors, like chromosome missegregation, could
generate aneuploid NPCs. Then, aneuploid NPCs can give rise to postmitotic neurons
[105, 106].

CNV formation in the brain mainly occurs due to an error in the DNA repair mech-
anism which is called nonhomologous end joining [107, 108, 109]. On the other
hand, there could be several chromosome segregation defects that lead to aneuploidy
in the brain which are lagging chromosomes, supernumerary centrosomes, and non-
disjunction [106].

Lagging chromosomes: When a kinetochore is attached to microtubules com-
ing from both spindle poles, it is known as merotelic kinetochore attachment.

Due to the merotelic kinetochore attachment, chromosomes could lag behind
in the spindle midzone during anaphase which could end up gain or loss of
chromosome(s) [106, 110].

Supernumerary centrosomes: Before anaphase, centrosomes separate into two
groups and form bipolar spindle poles. Sometimes, there could be more than
two centrosomes, which are called supernumerary centrosomes. Cells with su-
pernumerary centrosomes could suffer from merotelic kinetochore attachments,

which violates bipolar cell division, leading to aneuploid progeny [106, 111].

Non-disjunction: Due to the segregation error in sister chromatids, both of them

could move to the one pole of the cell. Non-disjunction results in a two aneu-
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ploid progeny: one with monosomy and another with trisomy [106].

Previous studies showed that neural aneuploidy can appear on each chromosome with
equal probability, without any preferences [105, 112, 113, 114, 112, 115]. On the
other hand, we and others reported more deletions than duplications [105, 103, 104,
116, 117, 118, 114, 119]. For example, Rehen and colleagues calculated that ~33%
of neuronal progenitors were aneuploid in embryonic mice brains [105] using cyto-
genetic techniques. The percentage of hypoploid cells was striking which was 98%.
Similarly, in the 2014 single-cell study, Cai and colleagues identi ed more losses than
gains in the adult human brain. The authors also examined the frequency of CNVs in
human lymphoblasts and they found approximately equal numbers of loss and gains.
The observed trend in the brain could be explained by the following. Chromosome
segregation defects tend to occur in the type of lagging chromosomes and supernu-
merary centromeres rather than nondisjunction in the developing mice brains. And
these two chromosome missegregation events predominantly produce hypoploid cells
[106]. Indeed, nondisjunction is not only a rare event during neurogenesis but also

produces hypoploid and hyperploid cells at a similar rate [106].

1.7 Experimental methods to study aneuploidy

There are several methods to study copy number variations in cells: karyotype anal-
ysis, spectral karyotyping (SKY), interphase uorescence in situ hybridization (i-
FISH), metaphase uorescence in situ hybridization (metaphase-FISH) and single-

cell whole genome sequencing (scWGS) [120].

Karyotype analysis, SKY and metaphase-FISH are proper for cells with mitotic ca-
pacity [121]. In karyotype analysis, cultured cells are arrested in metaphase to enu-
merate condensed chromosomes. SKY and metaphase-FISH take advantage of the
stability of DNA molecules. First, uorescently-labelled probe DNA and comple-
mentary target sequences are denatured to single-stranded DNAs. Then, both molecules
are annealed to form a stable double-stranded molecule. Due to the limited number

of uorescent labels, one can use metaphase-FISH to analyze a limited number of

chromosomes per cell [121, 122]. On the other hand, SKY allows us to study all
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chromosomes by employing 24 chromosome-speci ¢ probes [123, 124, 125].

It is generally accepted that mature neurons in healthy brains may carry somatic CN-
Vs/ aneuploidies, but the frequency of such events is uncertain. i-FISH and scWGS
are the methods for studying aneuploidy in non-dividing cells like neurons. However,
the frequency of aneuploidy that was reported by these two methods varies dramati-
cally. Studies using i-FISH (4-40%) [102, 103, 104] reported much higher aneuploidy
frequency than studies using scWGS (<4%) [107, 126, 127].

Andriani and colleagues compared two methods to understand the underlying rea-
sons for the difference in the reported aneuploidy frequency [128]. One possible ex-
planation for the overestimation of aneuploidy by i-FISH is that i-FISH could suffer
from probe hybridization problems and/or probe clustering [129, 130]. To overcome
these problems, the authors suggested a 2-probe/chromosome i-FISH assay rather
than one probe/chromosome i-FISH assay. In the 2-probe/chromosome i-FISH as-
say, the authors used two probes which are labelled by different uorophores. If
two probes report the same events (gains or losses), then loci are called aneuploid.
Even though 2-probe/chromosome assay reduces the false positives compared to 1-
probe/chromosome, still this method is not proper for calling aneuploidy across the
genome. This is because similar to metaphase-FISH, i-FISH allows only studying a

few chromosomes at a time.

To test the sensitivity scWGS, the authors used mock aneuploid cells which are ei-
ther polyploid (i.e. 4n, 8n) or have complex aneuploidy (aneuploidy in a polyploid
background, i.e. chromosome 2 gain in 8n ploidy background). The reason for test-
ing complex aneuploidy is to mimic the biology of aneuploidy. For example, in the
liver most hepatocytes are polyploid [131]. The authors showed that scWGS fail to
identify polyploidy (4n and 8n are predicted as 2n) with a 0% sensitivity. On the
other hand, scWGS sensitivity was 33.3% accurate in predicting complex aneuploidy
(i.e. predicting aneuploidy in the polyploid background). Andriani and colleagues
suggested the improvement in the DNA ampli cation step in scWGS and the usage

of the combination of two methods as possible solutions.
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1.8 The role of aneuploidy in the healthy brain

Over the last decade, advances in next-generation sequencing (NGS) technologies
gave fresh impetus to somatic CNV analyses by allowing variants to be determined

at the single-cell level across species [132]:

McConnellet al., 2013: The authors sequenced 110 frontal cortex neurons from
three young humans (20-26 years) [107]. The authors showed that 41% of the
analyzed cells include at least one CNV (2.9-75 Mb) and 2.7% of them have
aneuploidy. The authors also reported that deletions occur approximately twice
as frequently as duplications. These results implied that neurons with mosaic
CNVs are common in the human frontal cortex. The data coverage was ~0.1X
and DNA was ampli ed using the GenomePlex Single Cell Whole Genome

Ampli cation Kit (Sigma).

Cai et al, 2014: The authors analyzed 97 neurons from three neurotypical
human cerebral cortex at ~0.08X coverage [116]. The authors did not report
any neurons having aneuploidy. Among 19 neurons from one individual, 68%
(13/19) harboured megabase-scale CNVs (median 2.3 Mb; 1.7-17 Mb), with an
average of 3.4 CNVs per neuron. In addition, two cells (6%) shared the same
CNVs which supports the idea that the CNVs might stem from progenitor cells
during development. The authors also reported more deletions than duplica-
tions, consistent with McConnedit al, 2013 [107]. In this study, DNA was
ampli ed by GenomePlex (Sigma).

Knouseet al,, 2014: In this single-cell study, the authors rst tested the sensi-
tivity and speci city of their methods using trisomy 16 mouse embryos [127].
Using HMMcopy, the authors reported that trisomy 16 was detected across all
samples without any false positive or negative calls. Then, to investigate the
prevalence of aneuploidy in the mouse brain, the authors sequenced 19 neurons
from the mouse cerebral cortex, and found no aneuploidy (predictétiiy-

copy). The authors stated that labelling neurons with NeuN could result in
high sequence variability. The reason for this is that the labelling steps includ-

ing xation and immunostaining might affect the whole genome ampli cation.
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Then, 89 neurons from four neurotypical human frontal cortex were sequenced
at ~0.1X coverage. The age of the individuals ranged between 48 and 70 years.
The authors only reported the prevalence of aneuploidy in the human frontal
cortex, as 2.2%. In this study, DNA was ampli ed using GenomePlex (Sigma)
and ~10% of the cells showing high variation in read depth were removed from
the study.

Knouseet al., 2016: The authors compared the accuracy of different CNV pre-
diction algorithms PNAcopyandHMMcopy, see 2.2.2) and stated that CNVs
larger than 5 Mb could reliably be called at ~0.1X coverage [133]. The authors
analyzed 105 neurons from four neurotypical human frontal cortex at ~0.1X
coverage. The prevalence of CNVs in the human brain was estimated as 9%.
Most CNVs were deletions (90%) and located near the telomeres. Compared to
keratinocytes from the skin, the authors reported high read depth variability in
neurons that could be explained by differences in chromatin structure. The data
from the previous studies were also reanalyzed (McConnell: 41%, Cai: 68%),
and the authors reported a lower rate of CNV frequency than the original stud-
ies (McConnell: 17%, Cai: 10%) [107, 116]. This result indicates how chosen
methods affect the reported CNV frequency.

van den Bogt al, 2016: van den Bos and colleagues rst tested the accuracy of
their pipeline using trisomy 21 data from individuals having Down's syndrome
(n=36 single cells) [126]. Trisomy 21 were detected across all samples without
any false positive or negative calls. Analyzing 589 neurons from 6 control
individuals, the authors reported aneuploid prevalence at 0.7% and concluded
that aneuploid cells are not common in the healthy brain. To avoid PCR biases,
the authors skipped the DNA ampli cation steps. Even though there was no
such step, 40% of cells showing high read depth variation were discarded from

the analyses.

Vitak et al, 2017: Vitak and colleagues implemented an experimental method,
single-cell combinatorial indexed sequencing (SCI-seq), to produce thousands
of low-coverage single-cell libraries in parallel [134]. An advantage of SCI-seq
is that it does not require labour-intensive cell isolation steps. Thus, SCI-seq

may be preferable for low-pass scWGS. The authors also prepared 552 single-
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cell libraries from two rhesus macaques (4 and 9 years), and used different

thresholds to report an aneuploidy rate of ~10% (min: 3.1%, max: 25.0%).

Rohrbacket al., 2018: Rohrback and colleagues determined how the frequency

of CNVs changes during mouse brain development using 658 cells from 43
mice [135]. The authors claimed that DNA ampli cation with GenomePlex
(Sigma) introduces noise in the data, so instead, they used transposase-based
ampli cation (TbA) to amplify genomic DNA. This approach made it possible

to assess CNVs as small as 0.25 Mb. The authors reported 5394 events in 488
cells (~11 per cell), most of which were smaller than 5 Mb. Consistent with

previous studies, deletions dominated the frequency of CNVs [107, 116, 133].

Chronisteret al,, 2019: Chronister and colleagues sequenced 589 neurons from
the neocortex of ve neurotypical human individuals [136]. The authors es-
timated CNV-carrying neurons at around 3086=197) in young adults and
10% ( = 392) in old adults. In other words, CNV-bearing neuron frequen-
cies decrease from young to old adulthood. This result might indicate that
CNV-bearing neurons may be eliminated throughout a lifetime in neurotypi-
cal individuals. Consistent with previous studies, there were more deletions
than duplications among somatic mutations [107, 116, 133, 135]. The authors
also reported that CNV frequencies in neurons (4%—23.1%) are higher than in

non-neuronal cells (4.7%-8.7%).

1.9 The role of aneuploidy in AD brain

Over the last two decades, a number of FISH and cytogenetic-based studies investi-
gated CNV frequencies in AD and healthy control brains [137, 102, 117, 138, 139,
113, 140]. Several of these reported extra copies of chromosomes in neurons of
the AD brain [137, 140, 117, 138, 139, 113]. This, in turn, implies that chromo-
somal imbalance might contribute to AD pathogenesis via altered gene expression
levels. An example of such imbalance is seen in individuals with Down's syndrome
(DS); carrying an extra copy of chromosome 21 appears to facilitate aggregation of
amyloid- (A ) plagues in the brains of DS individuals similar to the AD phenotype
[46, 138, 141].
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There are various explanations for why post-mitotic neurons in AD brains could carry
high frequencies of somatic CNV [142]. According to one view, the high CNV bur-
den in the AD brain originates from neurogenesis in the embryonic period. This
excessive somatic mutation may be pathogenic and manifest itself as increased AD
risk during aging [143]. However, Abascat al. recently analyzed single cells from
granulocytes, smooth muscle, neurons, skin, colon, bronchus and bladder in humans,
and showed that somatic mutation (single nucleotide change or indel) accumulation
in cells with mitotic capacity and in post-mitotic neurons follow similar trajectories.
That is, mutational processes (possibly also including CNVs) appear to occur in a
time-dependent manner rather than being division-dependent [144]. Accordingly,
CNVs in AD brains may have accumulated during individuals' lifetimes. However,
this scenario also appears inconsistent with the observation that CNV-bearing neu-
ron frequencies decrease from young to old adulthood [136]. Another view suggests
that AD itself might cause dysregulation in neurons, and AD-affected mature neurons
might re-enter the cell cycle, resulting in increased CNV load [117, 145], which may

then be eliminated at later stages of AD, thus causing neurodegeneration [139].

In a 2016 study, van den Bos and colleagues used scWGS to compare the prevalence
of aneuploidy in neurons from healthy control and AD patients [126]. Analyzing
1482 neurons from 10 AD patients and 6 control individuals, the authors reported
aneuploid prevalence at 0.7% and 0.6% for control and AD neurons, respectively,

and concluded that aneuploid cells are not more common in the AD brain.

These ndings by van den Bos and colleagues implied that CNVs might have no
relationship to AD pathogenesis, in contrast with earlier ndings from FISH and cy-
tometry studies. However, the study by van den Bos and colleagues had a number
of limitations. One was that the authors only estimated aneuploidy (full chromosome
gain or loss), while large CNVs, which could also contribute to pathogenesis, had
remained uncharacterized. Another limitation was that only one brain region was ex-
amined, the frontal cortex, while atrophy of the medial temporal lobe and speci cally
the hippocampus is generally considered to be a strong predictor of AD [146]. The

study also did not distinguish among neuron types that may carry sensitivity to AD
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differentially [147]. Thirdly, the study discarded a large fraction of cells (39%) for
showing high within-cell variability in genome coverage, although it was unclear to
what extent these represented pure technical error versus cells with complex kary-
otypes. Finally, only NeuN positive neurons were included in the experiment, which

substantially restricts the signi cance of this study due to different reasons:

1. Recently, up to 30% of cortical neurons have been reported being NeuN-negative
following diffuse brain injury, which may be related to certain neurons being
particularly vulnerable to membrane disruption [148], a process which was also
recently associated with AD [149, 150].

2. Considerable or even complete loss of NeuN immunoreactivity was also re-
ported for neurons affected by ischemic insults (middle cerebral artery occlu-
sion) without signi cant cell loss [151] or in neurons that just entered the cell
death process [152]. Interestingly, these neuronal populations are of special
interest because energy and nutritional de ciency and cell loss are essential
characteristics of the AD brain [153].

3. The intensity of NeuN staining is reported to be lower in AD samples [154],
and further due to many NeuN negative cortical neurons in FTLD-TDP (fron-
totemporal lobar degeneration with TDP-43 inclusions) patients, Yaatsaf
suggested NeuN staining as an indicator of healthy neurons [155]. However,
if NeuN re ects a neuron’s health, any selection of NeuN positive cells would

lead to a substantial bias for studying any neurodegenerative disease.

These methodological issues could potentially explain the discrepancies between the
ndings by van den Boset al. and those based on FISH and cytogenetic studies
[137,117, 140, 138, 139, 113]. Notably, a recent technical comparison between FISH
and scWGS using mock aneuploid cells reported a tendency of the latter to severely
underestimate aneuploidy [128]. It is thus possible that both neurons with CNV and
nuclei thereof display altered physicochemical properties. This may result in selec-
tion bias against abnormal nuclei with high CNV loads when using the uorescence
activated cell/nuclei sorting (FACS, FANS) isolation method (exerting mechanical
stress [156]) and high hydrodynamic pressure [157], applied by van den Bos and col-

leagues, and arti cially in ate euploidy frequencies. Moreover, besides restriction to
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NeuN positive cells, usage of only intact nuclei could preclude or bias AD neurons

with nuclear envelope stress or rupture [158].

1.10 Research Objectives

Here we generated and analyzed scWGS data to establish the frequency of CNVs
(both full chromosome aneuploidies and sub-chromosomal CNVs) in ve different
brain regions that differ in vulnerability to AD in healthy brains and brains of AD
patients [20]. We employed two different single-cell isolation methods, laser capture
microdissection (LCM) and FACS, to isolate neuronal nuclei. LCM, despite being
technically challenging, has the advantages of allowing for speci ¢ neuron types to be
chosen, and being neutral towards normal and abnormal nuclei. We further employed
a principal component analysis-based denoising approach to eliminate false positive
CNV calls that might result from either systematic experimental biases or repetitive
regions in the human genome. Finally, we analyzed published datasets to replicate our

main results and check the sensitivity and speci city of our bioinformatics pipeline.
Overall, the aim of the study was to answer the following questions:
Do the frequency of whole chromosome aneuploidy/ CNV differ in the brains
of healthy control and AD?

Are there region-speci c differences in the prevalence and distribution of ane-
uploidy/CNV between healthy controls and AD?

Are there differences between the frequency of gains and losses?
Does aneuploidy/CNV preferentially affect certain chromosomes?

Are there any differences between LCM and FACS in terms of technical noise?
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CHAPTER 2

MATERIAL AND METHODS

2.1 Wet lab experiments

All experiments were conducted at the Paul-Flechsig-Institute (Leipzig University,
Germany). People who contributed the data generation were Uwe Ueberham, Thomas
Arendt, Vincent Richter, Jana Bochmann, Sarah-Kristin Waterholter, Sabrina Leclere-

Turbant and Charles Duyckaerts.

2.1.1 Ethics approval and consent to participate

The samples were obtained from brains collected in a Brain Donation Program of
the Brain Bank NeuroCEB run by a consortium of Patients Associations: ARSEP
(association for research on multiple sclerosis), CSC (cerebellar ataxias), LECMA

(European league against Alzheimer disease) and France Parkinson.

The consents, that have been validated by the Ethical Committee lle de France 6,
were signed by the patients themselves or their next of kin in their name, in accor-

dance with the French Bioethical Laws.

The Brain Bank NeuroCEB has been declared at the Ministry of Higher Education
and Research and has received approval to distribute samples (agreement AC-2013-
1887). The autopsy protocol has been approved by the Biomedicine Agency as re-

guested by the French Law.
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2.1.2 Tissue sources

Frozen postmortem human brain tissues -temporal cortex, hippocampal sub elds cornu
ammonis (CA) 1, hippocampal sub elds cornu ammonis (CA) 3, cerebellum (CB)
and entorhinal cortex (EC)- from a total of 13 AD patients and 7 non-demented age-

matched controls were obtained from the GIE NeuroCEB Brain Bank (France).

AD cases were diagnosed according to the National Institute of Aging and Reagan
Institute Criteria [159] and immunohistochemically processed for tau and amyloid
pathologies [17, 160]. Control cases were non-demented individuals who died with-

out known neurological disorders.

Post-mortem delays and mean ages of control and AD cases were not signi cantly
different. The average age of death was for control casesq) 71.57 years (5:13

years SEM) and for AD casen € 13) 70.15 years ( 3:63years SEM) p = 0:822.

The average post-mortem delays were 31.14 houis10 hours SEM) for control
cases and 26.17 hours4:08 hours SEM) p = 0:52).

2.1.3 Methods for single-cell isolation

Fluorescence-activated cell sorting (FACS)euronal nuclei were extracted follow-

ing the protocol described in [161]. Briey, frozen brain samples were thawed in
the hypotonic lysis buffer. Neuronal nuclei were stained with propidium iodide and
sorted using BD FACSAria Il SORP (BD Biosciences). Genomic DNA was then

isolated and ampli ed as described below (see 2.1.4).

Laser capture microdissection (LCMIrrozen brain samples at —80°C were thawed

to -20°C, sliced using CryoCut Freezing Microtome at 30 um thickness, and mounted
on a membrane slide (Carl Zeiss). After staining with cresyl violet, single cells were
cut out and placed into an adhesive cap by PALM MicroBeam (Carl Zeiss). Neurons
of the individual 5603 were collected using both FAGSH12) and LCM ( = 64).
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2.1.4 scWGS library preparation and sequencing

Genomic DNA was ampli ed using WGA4 (GenomePfeRingle Cell Whole Genome
Ampli cation Kit) and then puri ed using the MinElute PCR Puri cation Kit (Qia-

gen). The specic adapters were added to the DNA via Ph&si®@R followed

by puri cation with the MinElute PCR Puri cation Kit (Qiagen). Sample quality

was evaluated using agarose gel electrophoresis. Sequencing was performed on the
HiSeq2500 platform (lllumina) with paired-end 100 bp (PE100) or 150 bp (PE150)
modes.

2.2 Data analyses pipeline for scWGS data

Analyses were conducted by myself with the help of Poorya Parvizi, Ulas Is Idak and
Etka Yapar. Data analyses pipeline for scWGS data consist of two main faxts:
NGS data analyses aif@) CNV detection (Figure2.1).

Figure 2.1: The pipeline of NGS data analysis and CNV detection.
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2.2.1 NGS data analysis

2.2.1.1 Read quality control and alignment

TheF astQC tool (version 0.11.9) was used to check the quality of the raw Illumina
reads. The results dfastQC were summarized usinylultiQC (version 1.9)

[162]. The mean sequence lengths of the reads (ranging between 101 and 151) were
inspected using the output of tiMultiQC (general stats_table). To avoid biases

that would affect the interpretation of the results, all reads were trimmed to a length
of 66 (the longest possible length in all reads). Illumina adapter and low-quality
bases (the rst 35 bp) were removed usiigmmomatic [163] with the following
parameters: "ILLUMINACLIP:TruSeg3-PE-2.fa:2:30:10:8: TRUE HEADCROP:35
MINLEN:66 CROP:66".

The quality of the trimmed reads was checked again usiagtQC andMultiQC .
Adapter-trimmed paired-end FASTQ les were mapped to the hgl9 human reference
genome fftp://ftp.ensembl.org/pub/release-75/fasta/lhomo__

sapiens/dna/ ) usingBurrowsWheelerAlignment BWA v.0.7.17) [164] with

"aln" and "sampe" options.

2.2.1.2 Filtering

The output of theBW A aligner in SequenceAlignmentMap (SAM) format was
further processed b AMtools v1.10 [165] to obtain high-quality uniquely aligned
reads. The applied steps are as follows:

(1) keep reads mapped in proper pair and discard reads marked with SAM ag
3852:

samtools view -f 2 -F 3852 -b file.sam > file.bam

(2) extract uniquely mapped reads from BAM les:
samtools view -h file.bam | egrep -i "@ ] XT:A:U"
samtools view -Shu - > file.bam2 [166]
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(3) obtain reads having MAPQ scores 60:
samtools view -h -q 60 file.bam2 > file.bam3

(4) sort BAM les:

samtools sort file.bam3 > file.sorted.bam

(5) Iter out PCR duplicates:

samtools rmdup -S file.sorted.bam file_rm.sorted.bam

(6) index BAM les:

samtools index -b file_rm.sorted.bam

(7) convert BAM le into BED format using th&edtools"bamToBed" command
(Bedtoolsv2.27.1) [167].

2.2.1.3 Coverage

Bedtoolsv2.27.1 algorithm "genomeCoverageBed" was used to obtain coverage of

the bases on each BAM le.

2.2.2 CNV prediction and cell elimination

CNV calling was performed usin@inkgo [3]. We had three main reasons for using
Ginkgo over its most commonly used alternativéM M copy [168]. First, a recent
study [169] performed benchmarking @inkgo and two other widely used methods
HMMcopy and CopyNumber, and found thatGinkgo was the most accurate
algorithm for inferring the absolute copy number pro les (althodtjd M copy was
superior in identifying breakpoints and running time). Secd@pidkgo provided the
advantage of outputting data with normalised coverages per cell, which we could
use in our PCA-based denoising method, and further in estimating the genome-wide
copy number of each cell, which we used to Iter cells for high levels of variability

in read depth. Third, our tests on the sensitivity and speci cityGifikgo using
trisomy-21 in DS and monosomy-X in males in published data [126, 107] revealed
100% and 94% detection rates across the two published datasets. Overall, apart from

its advantage$zinkgo enable us to develop PCA-based method denoising approach.
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CNV prediction involves several steps. These steps and the parameters used in

Ginkgo [3] will be discussed as follows (Figure 2.3):

Binning: Uniquely mapped reads are binned into the non-overlapping xed- or
variable-size genomic windows. The aim of the binning is to reduce the effect
of the ampli cation biases [3]. Also, working with a lower resolution is more

manageable than working on the entire genome [168].

The use of variable-length bins has several advantages. The rst one is
to avoid false positive deletions in the regions that correspond to blacklisted
areas (repetitive or low-mappability regions) in the human genome [170].
Variable-size bins have wider intervals in the regions that span blacklisted
areas [170]. In this way, each bin also has the same number of reads with a
constant variance [3]. Considering that the read counts in each bin are used to
predict CNVs, having the same number of reads with a constant variance is
important. Due to the above-mentioned advantages of variable-length bins, we

used variable length bins with an average size of 500-kb.

Coverage normalizationGinkgo performs coverage normalization; the read
count in each bin is divided by the mean read count across bins per sample [3].
This scaling step is crucial for our PCA-based denoising approach, which will

be discussed in the following section, to work accurately.

GC bias correction: GC extreme regions (GC-poor < 40% or GC-rich > 60%)
could form secondary structures that hamper the ef ciency of DNA polymerase
during PCR ampli cations [171, 172, 173, 3, 174, 175, 176, 177]. Inef cient
ampli cation of GC extreme regions can be re ected as uneven coverage or
even no coverage of reads in lllumina sequencing, known as GC content bias.
Ginkgo t locally weighted linear regression (LOWESS) between GC con-
tent and log-scaled read counts in each bin to correct GC bias [3]. Then, GC-

normalized values will used for segmentation.

Segmentation: The aim of the segmentation is to divide the genome into

non-overlapping regions that have different copy numbers [169]. The bound-
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aries of the segments are called breakpoints. To identify change points or
breakpoints where copy number transitions occur, most segmentation methods
are based on the idea that chromosomal aberrations, for human deviation from

two, can be distinguished by abrupt changes in the read count distribution [178].

One method that can be used to identify breakpoints in the genome is
circular binary segmentation (Figure 2.2) [179, 18Binkgo uses CBS which

is implemented in th®N Acopy package irR [180]. To identify breakpoints,

CBS compares the log values of the read count in each potential segment with
the regions outside the segment using a t-test. CBS runs per chromosome and
splits them into subsegments recursively. The start and end positions of the
chromosome are connected and the connection is c@lletl andY are the
breakpoints of the segment, whérex X <Y . If the read count distribution

is statistically signi cant betweeXX ! Y andY ! 0! X, the region is
segmentedax ! Y,Y! OandO! X [179, 178, 181].

Post hoc adjustment. CBS only determines the breakpoints of the segment.
Post hoc adjustment is required to determine the integer copy number states.
Ginkgo takes the following steps to do it [3]:

(1) Variable size of 500-kb bins that correspond to 5578 genomic windows;
and suppos®N Acopy estimated the rst breakpoint to be between bin 1
and bin 25, thersinkgo takes the median of the normalized read counts
(coverage- and GC-normalized) between bin 1 and bin 25 (called segment
X). Then, the read counts for all bins in segmg&nare replaced with the

median bin count of segmet.

(2) To determine the copy number state of each sangilgsgo next scales
the segmented bin counts so that the mean bin count equals the ploidy of
the sample. Thus, the values from the previous step are divided by the
mean for each sample. The resulting value is called the raw copy-number
pro le (RCNP).

(3) RCNP is multiplied with the possible genome-wide copy number of the
sample, ranging from 1.5 to 6 with increment of 0.5 [1.50, 1.55, . . ., 5.95,
6.00]. The product of the RCNP and genome-wide copy number is called
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the scaled copy-number pro le (SCNP).

(4) To determine the genome-wide copy number of the sample, the sum-of-
squares (SoS) error between the SCNP and the RCNP is then calculated
for each multiplier. The multiplier with the smallest SoS error will be the

genome-wide copy number of the sample.

(5) The rounded value of the SCNP is called the nal integer copy-number
pro le (FCNP), such that each segment is represented with an integer

value.

Figure 2.2: Steps of circular binary segmentation. Figure was copied frtips:
/lgithub.com/melissayan/vnowchi , and to increase the resolution, re-
drawed withhttps://biorender.com/

The command-line version ofGinkgo was downloaded from https:
/lgithub.com/robertaboukhalil/ginkgo . The tool was run under

the following settings:(1) variable size of 500 kb bins [166] based on simulations
of 76 bp reads aligned witBW A, (2) independent segmentation meth¢gl, ward

and euclidean options for the clustering method and clustering distance metric,
respectively. Before the segmentation step, GC correction was performed by
Ginkgo using theR function "LOWESS" (see [3]). For segmentatidBinkgo uses
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the CBS algorithm implemented iIBNAcopy in R [182]. DNAcopy runs with
the following parameters: alpha=0.0001, undo.SD=1, min.width=5
[133]. We also rutHM M copy as described in [168] (using the parameter0:995).

The number of reads was divided into the variable size of 500 kb bins that
correspond to 5578 genomic windows. Only cells wit60,000 reads were kept in

downstream analyses (approximately nine reads per window), resultmg ih337
cells.

Figure 2.3: Work ow of Ginkgo. Figure was taken from [3].
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2.3 Published datasets

The van den Bos 2016 datas®ata was downloaded from EBI ArrayExpress with
the accession numbers E-MTAB-4184 and E-MTAB-4185 [126]. Only the cells that
were reported as having good quality libraries were included in the analysiS88D

controt586; Down's syndrom@4). Adapter sequences were trimmed with the
following parameters: "ILLUMINACLIP:adapter.fa:2:30:10:8: TRUE MINLEN:51".
Single end reads were aligned to the hg19 human reference genom&ugigvith

"aln" and "samse" options. The remaining steps are the same as those described in
sections Filtering, except that here we used the SAM ag 3844 (because this dataset
was single-end sequenced) and used MAPQ scores 20 (because this dataset did not
have enough reads which having the MAPQ 60). Note that due to the missing sample
information in the database, the number of analyzed cells in this work does not match

what van den Bos and colleagues reported in their original publication.

The McConnell 2013 dataset FASTQ les of 110 cells were downloaded
from the NCBI SRA database with accession number SRP030642 [107].
Adapter sequence was trimmed with the following parameters: "ILLUMINA-
CLIP:adapter.fa:2:30:10:8: TRUE MINLEN:39". Paired-end reads were aligned to
the hg19 human reference genome udW A with "aln" and "sampe" options. The

remaining steps are the same as those described in sections 2.2.1.2.

2.4 Statistical modeling of CNV frequencies and index of dispersion (I0D) lev-

els

When modelling CNV frequencies, our null hypothesis was no difference in the
frequency of CNVs in the AD brain when compared to healthy controls. The
overdispersed and zero-dominated nature of the response variable (the frequency of
CNVs) suggest that the data should be tted using a zero-in ated negative binomial
model. For this aim, the "gimmadmb" function (package: gimmADMB) [183Rin

3.6.3 with the following parameters was used: "zero-in ated = TRUE" and "family

= nbinoml1". The xed factors of the model were diagnoses (AD and control),

chromosomes (autosomes), sex (male and female), brain regions (temporal cortex,
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hippocampus CA1, hippocampus CA3, cerebellum, entorhinal cortex) and coverage.
Individual effects were added as a random factor. Note that sex could not be used
as a xed factor in the van den Bos 2016 dataset because cells that remained after

Itering only belonged to females.

We also compared the difference between AD and control in terms of CNV
frequency usingdMMcopyestimates. The xed factors of the model were diagnoses
(AD vs. control) and coverage per cell. The individual effect was added as a random
factor.

When modelling the index of dispersion (IOD, the ratio between the variance
of read coverage and the mean), we used the same approach as above. 10D (the
response variable) were predicted using diagnoses (AD and control), brain regions
(temporal cortex, hippocampus CA1, hippocampus CA3, cerebellum, entorhinal
cortex) and coverage as an explanatory variables using "glmmadmb" function
(package: gimmADMB) [183] iR 3.6.3. Individual effects were added as a random
factor. The distribution of the 10D was right-skewed and the model was run with

"family = gamma" parameter.

To compare the 10D across different brain regions, "Ime" function (package:
"nlme") in R 3.6.3 with diagnoses as xed effects and the individual as a random

effect was used.

2.5 Copy number statistics

After reads were mapped into the bins, read counts in each bin were divided by the
mean read counts across bins for each cell. This value corresponds to the normalized

read counts as calculated @ynkgo (see [3]).

A Z,-score for each CNV was calculated using the normalized read counts. It was
calculated as the cell mean (mean normalized read counts across autosomes) minus

the CNV mean (mean read counts between CNV boundaries) divided by the standard
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deviation (sd) of CNV:

meane Mmeancny

Z,-score=
Sdeny

The Z,-score of each CNV was calculated by calculating the difference between the

Ginkgo-estimated integer copy number state (1 or 3) and the observed normalized

read count, dividing by the standard deviation (sd) of the normalized read counts:
estimated_statecyy  mean(observedreadcountcyy )

Sdcny

Z,-score=

CNVs with two standard deviations below or above the cell's mean and CNVs with
Z,-score smaller than or equal to 0.5 were kept in the analysis. Using these combina-
tions, monosomy X (90% of the chromosome's length) was correctly predicted in
58.1% (217 of 373) of males in the uncorrected data.

2.6 Principal component analysis (PCA)

To remove experimental noise from the data, the following steps were applied for

every cell:

(1) One cell (x) at a time was discarded from the analysis. For the remaining cells,
PCA was applied on the normalized read counts using the "prcomp" function
with the parameter "scale.=TRUE" & 3.6.3.

(2) n PCs that explained at least 90% of the variance in total was chosen.

(3) Toremove the effect of the chosen PCs from the focal cell x, a linear regression
model with normalized read counts from cell x as a response, andRBi@&s as

explanatory variables was constructed usingRH&m" function.
(4) Residuals from this model were calculated.

(5) To prevent errors during a lowess t of GC content (log transformation of neg-
ative residuals produces NaNs), plus one was added to the residuals. If there
still remained values less than or equal to zero, those values were replaced with

the smallest positive number for the focal cell x.
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(6) The resulting value was set as a new value of the focal cell xGamklgo was

run with the new values.

The pseudocode of the method is as follows:

Data = SegNorm

DataX = prcomp(Data)

PCs = which(cumsum(DataX) > 90%)

Res = residuals(Im(ceK))

Res = Res+1

if(min(Res) 0){
Res[Res 0] = posMin(Res[Res > 0])}

Also, PCA of the normalized read counts across different datasets was performed in

R 3.6.3 using the "prcomp" function with the parameter "scale.=FALSE".

2.7 Data access

All data from this study have been submitted to the European Nucleotide Archive
(ENA) repository under accession number PRJEB51941. The codes and additional
information can be found in the Github repositoryttps://github.com/
zgturan/brain_CN ).
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CHAPTER 3

RESULTS

3.1 Summary of the dataset

We used scWGS to determine the frequency of CNVs in the temporal cortex, hip-
pocampal sub elds cornu ammonis (CA) 1, hippocampal sub elds cornu ammonis
(CA) 3, cerebellum (CB) and entorhinal cortex (EC) of 13 AD patients and 7 age-
matched healthy controls (Table 3.1). We collected samples from multiple regions
from 8 donors, and only the temporal cortex from the rest. Overall, we maintained a
balanced distribution with respect to condition, donor, and brain regions. Figure 3.2A

shows the distribution of cells according to each individual and brain region.

Figure 3.1: Schematic of the work ow. The pipeline of NGS data analysis and CNV
detection. Figure was created whttps://biorender.com/

Neuronal nuclei were isolated using either FACS (sorted with propidium iodide,
n = 12) or LCM (sorted with cresyl violety) = 1552), the latter performed on frozen

brain slices (Figure 3.3). LCM-isolated non-neuronal "blank” regions were used as

35



negative controlrf = 10). The LCM method, although more dif cult to implement
than FACS, was chosen to ensure the selection of nuclei of pyramidal neurons for se-
guencing, known to be particularly sensitive to AD [147]. For technical comparison,
neurons of a single individual were collected both using FAGS(12) and LCM

(n = 64). scWGS libraries were prepared using GenomePlex whole-genome am-
pli cation and speci ¢ adapters were inserted using Phu8iBICR. Paired-end reads
were mapped to the human reference genome, followed by stringent Itering to obtain
uniquely mapped reads. This resulted in a median of 276,446 reads, corresponding
to a coverage of 0.006X per LCM-isolated cell (range: [133 - 1,909,016] reads and
[0.000003X - 0.04X] coverage) (Figure 3.5A).

Table 3.1: Summary of clinical and demographic variables of samples analyzed.

Case ID | Diagnoses| Age Sex Braak level Post-mortem delay
(h)
106 AD 52 male 4 58
108 AD 84 male 3 30
6203 control 78 male 0 23
3549 control 69 male 0 6
3862 AD 58 male 3 55
6563 AD 82 male 6 25
7753 AD 71 male 4 30
8401 control 60 female 0 28
5603 control 92 female 1 21
5946 AD 89 female 6 10
7903 AD 84 female 4 38
107 control 68 male 0 48
5433 control 52 female 2 29
7654 AD 78 male 6 8.5
7145 AD 56 female 6 26
7354 AD 76 male 6 27
7542 AD 53 male 6 Not determined
8730 control 82 male 2 63
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Table 3.1 (continued)

CaseID | Diagnoses| Age Sex Braak level Post-mortem delay
(hour)
5138 AD 60 female 6 26
8326 AD 69 male 6 30

Figure 3.2: Sample information(A) Bar plot showing the number of cells that have
been sequenced for each individual. Brain regions are illustrated in different colors
(see the colour key on the top of the gurdB) Dot plot showing age of AD (pink)

and control (green) individual¢C) The table summarises sex, diagnoses and Braak

level of the individuals. The Braak stages of AD patients ranged between IIl and VI.

CNVs were predicted using th&inkgo algorithm, which uses circular binary
segmentation (CBS) to estimate deletion or duplication events [3]. Negative controls
(n = 10) and FACS-isolated neurons (= 12) were analyzed separately and are

not included in the main resultsGinkgo was run on our dataset with = 1542
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cells, while in parallel, two published scWGS datasets were also analyzed: one
by van den Bos and colleagues ("van den Bos 2016"), comprisirg1469 cells

from healthy and AD brains (median coverage 0.005X), and another by McConnell
and colleagues ("McConnell 2013"), comprising= 110 cells from healthy brains
(median coverage 0.047X). Note that the van den Bos 2016 dataset includes only
61% of cells produced in that study, because data from cells Itered for high noise

levels were not published and thus could not be included here.

Figure 3.3: Images from a frozen hippocampal brain slice stained with cresyl-violet

showing a pyramidal cell before (left) and after (right) laser capture microdissection-
based isolation process using the PALM device. Circles in (left) indicate positions
where two pyramidal cells have already been isolated just prior to the picture being

taken. Scale Bar, 50 um

3.2 LCM-isolated cells show a high frequency of depth variability

We rst evaluated the sensitivity and speci city of our bioinformatics pipeline on
SCWGS data using trisomy-21 in DS and monosomy-X in males in published data.
Analyzing n = 34 neuronal nuclei from DS individuals [126], trisomy-21 was
correctly predicted across all samples without any false positive or false negative
calls. In addition, monosomy-X was accurately predicted in 94.2% (338 of 359) of

cells from males across the two published datasets [126, 107] (Figure 3.4).
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